Individual housing characteristics can modify outdoor ambient air pollution infiltration through air exchange rate (AER). Time and labor-intensive methods needed to measure AER has hindered characterization of AER distributions across large geographic areas. Using publicly-available data and regression models associating AER with housing characteristics, we estimated AER for all Massachusetts residential parcels. We conducted an exposure disparities analysis, considering ambient PM 2.5 concentrations and residential AERs. Median AERs (h −1 ) with closed windows for winter and summer were 0.74 (IQR: 0.47-1.09) and 0.36 (IQR: 0.23-0.57), respectively, with lower AERs for single family homes. Across residential parcels, variability of indoor PM 2.5 concentrations of ambient origin was twice that of ambient PM 2.5 concentrations. Housing parcels above the 90th percentile of both AER and ambient PM 2.5 (i.e., the leakiest homes in areas of highest ambient PM 2.5 )-vs. below the 10 percentile-were located in neighborhoods with higher proportions of Hispanics (20.0% vs. 2.0%), households with an annual income of less than $20,000 (26.0% vs. 7.5%), and individuals with less than a high school degree (23.2% vs. 5.8%). Our approach can be applied in epidemiological studies to estimate exposure modifiers or to characterize exposure disparities that are not solely based on ambient concentrations.
Background
Exposure to ambient fine particulate matter (PM 2.5 ) contributes significantly to the global disease burden [1] [2] [3] [4] [5] . In the United States, individuals spend approximately 87% of their time indoors and 69% of the time in their homes, which emphasizes the important role of residential characteristics in modifying individual exposure to PM 2.5 of ambient origin [6] . Housing characteristics that modify ambient air pollution exposures have the potential for widening or narrowing the exposure inequality gap. Housing geography is closely linked to both residential segregation and poverty [7] , which are correlated with individual physical housing characteristics that can influence residential pollution and ultimately disease burden. For instance, low-socioeconomic status residents often live in smaller and older units, resulting in different household-level ventilation patterns [8] . Inadequate city code enforcement and residential instability may lead to deteriorating neighborhood housing stock and value. These same communities suffer a greater burden of outdoor ambient air pollution sources because of inexpensive land and property values, and lack of political power to influence traffic infrastructure and facility siting decisions [9] . Consequently, residential segregation of low-income and racial/ethnic minority populations may also be linked to higher ambient-pollution concentrations, such as ambient PM 2.5 , compared to predominately affluent and white communities [10] [11] [12] . The extent to which the inequitable distribution of ambient pollution interacts with housing conditions that may further exacerbate exposure inequities needs to be further explored.
One factor that influences outdoor ambient air pollution infiltration into the home environment is air exchange rate (AER). However, there are challenges in characterizing AER over a large population. While measuring AER directly or modeling AER using detailed surveys may be feasible for smaller studies [13] [14] [15] , estimating AER requires detailed, individual-level information about the building structure, the surrounding terrain, and meteorological conditions that impact air exchange, which are challenging to ascertain for large study populations and geographic extent. As a result of these limitations, few studies have examined how residential characteristics may modify ambient air pollution infiltration into homes using easily-accessible data, or characterized patterns of infiltration over large geographic areas [14, [16] [17] [18] [19] . As a consequence, most epidemiological studies of air pollution rely on ambient concentrations as surrogates for personal exposure [2, 20, 21] , ignoring exposure variability that can occur from individuals spending time in multiple built environments, particularly their home. Personal exposure monitors have been used in epidemiological studies to capture exposure variability modified by the residential environment, but this method is costly and cannot be implemented on a large scale [22, 23] . Thus, there is a need for straightforward methods to refine characterization of ambient air pollutant exposure for large population-scale health studies.
Physical, empirical and mixed-methods models have been increasingly adopted to estimate AER in populationscale studies [15, 17, 18, [24] [25] [26] [27] [28] [29] . One study that used publicly-available data to estimate how geographic and temporal variations in residential AER modify the association between ambient air quality and health outcomes found that, at the zip code level, daily variability in average AER across a zip code explained heterogeneity in longitudinal asthma emergency department visits [26] . A separate study used building simulation software to model how different housing types modify the indoor concentration of PM 2.5 of ambient origin, and mapped the results across dwellings in London [18] . However, these studies had limitations-the first estimated AER with coarse geographic resolution, not at residence level, and the second relied on building simulation software, which is both time consuming and requires specific expertise to apply.
In this study we estimated AER as a measure of home leakiness for each residential parcel across Massachusetts using publicly-available data, and we used the results to understand how physical building characteristics of a residence can modify exposure to PM 2.5 of ambient origin. We further evaluated the role of home leakiness in exacerbating or ameliorating ambient PM 2.5 exposure inequalities. This work was conducted within the Center for Research on Environmental and Social Stressors in Housing across the Life Course (CRESSH), a center that studies environmental health disparities in low-income communities and throughout Massachusetts.
Methods

Data sources
Data sources used to parameterize the AER equation and perform the inequality analysis are listed in Table S1 and described in detail below. We obtained housing, sociodemographic, and meteorological data from public databases to provide a method that could be replicated in other U.S. communities. Data were available at different geographical resolutions but all datasets were linked to the parcel using SAS software (version 9.3; SAS Institute Inc., Cary, NC) to summarize datasets, and ArcGIS to spatially join datasets (version 10.3; ESRI, Inc.).
Housing characteristics
We obtained Level 3 Assessor's Parcel data from the Massachusetts Office of Geographic Information (MassGIS) and Metropolitan Area Planning Council (MAPC) [30, 31] . MassGIS standardizes parcel data from each town's assessor across the state and provides information on number of stories, square footage, year built, property ownership, house style and number of rooms. MAPC compiled the individual town files into one file for the state. For this work we restrict to residential parcels only. We assume each parcel contains one residential single-or multi-family building. Further details about data cleaning and missing data imputation procedures can be found in Section S1 and Table S2 and S3.
Demographic data
We gathered demographic information from the US Census and American Community Survey (ACS) at the block group (BG) unit of analysis. We obtained race and ethnicity data from Census 2010, and measures of income and educational attainment from ACS 2006-2010 5-year estimates. ACS and Census data were assigned to the parcel based on the BG where the parcel was located.
Meteorological and land use data
We obtained ambient surface temperature (°C) and wind speed (m/s) data from Automated Surface Observing System (ASOS) monitors located at airports. We averaged daily temperature and wind speed over winter (22 December 2009-21 March 2010) and summer (21 June 2010-22 September 2010) seasons, and assigned values to each parcel based on the nearest monitor.
We obtained land use classifications at 0.5 meter resolution from MassGIS, who used semi-automated methods and digital ortho-imagery captured in April 2005 to classify land use into 40 separate categories. Parcels were assigned land use categories based on the polygon where the parcel was located to determine density of surrounding obstructions for Equations 2 and S3, described below.
Ambient PM 2.5
We obtained surface PM 2.5 at a 1 km 2 resolution from a dataset that has been validated and used in previous studies of air pollution [21, 32, 33] . Details of the ambient PM 2.5 prediction models can be found in [34] . Briefly, this modeling approach used a combination of aerosol optical depth (AOD) satellite data retrieved using the multi-angle implementation of atmospheric correction (MAIAC) algorithm, land use, meteorological predictors of variation in surface-PM 2.5 (i.e., percentages of high development and forest areas, elevation, population density), and outdoor monitor PM 2.5 concentrations to calculate a daily PM 2.5 estimate on a 1 km 2 grid [34] . This model produced an overall "out-of-sample" R 2 for daily values of 0.88, and cross validation results produced a slope of observed vs. predicted of 0.99, demonstrating high predictive reliability of the model. For the purposes of the present study, we averaged gridded daily PM 2.5 concentrations (µg/m 3 ) over winter and summer seasons and assigned gridded values to parcels using the closest 1 km 2 grid centroid.
AER calculations
The focus of the present study is to estimate ambient pollutant infiltration through measures of overall home leakiness. We estimate AER using the Lawrence Berkeley National Laboratory (LBNL) physical-based infiltration model [35] . The LBNL model predicts AER due to airflow through unintentional openings in the building envelope, such as holes and cracks. It does not take into account natural ventilation due to window and door openings, or mechanical ventilation. We employ a modified equation built by Sarnat et al. that estimates AER from the LBNL model exclusively for single family homes by applying it to estimate AER for both single family and multi-family homes (Supplement, Section S4) [26] . To study seasonal differences, we calculated average AER for all residential parcels in Massachusetts for the winter and summer seasons.
The AER equation is defined as:
where NL is the normalized leakage area of the building envelope [27] ; H is house height (calculated as number of stories times 2.5 m plus 0.5 m for the roof); and S represents the infiltration rate across the building envelope due to pressure differences, which are driven by indoor-outdoor temperature differences (stack effect) and wind (wind effect) [26] . Details of the NL calculation are found in Section S2. The infiltration parameter, S is defined as:
where T in is the home indoor temperature, assumed to be 20°C in the winter months and 22°C in the summer months based on RECS data [36] ; T out is the seasonal mean ambient temperature at the closest monitor to the parcel; u is the seasonal mean wind speed (m/s) averaged from daily observed wind speeds between 2009 and 2010 at the closest monitor to the parcel; f s is the stack coefficient; and f w is the wind coefficient. Details for f s and f w estimation can be found in the Supplement (S3 and Table S4 ).
Indoor PM 2.5 of ambient origin concentration calculations
To estimate concentrations of indoor PM 2.5 of ambient origin across all Massachusetts residential parcels, we combined the calculated seasonal AERs and ambient PM 2.5 concentrations using a single-compartment infiltration box model, as has been done in previous studies [37] [38] [39] . Because our goal was to determine how seasonal AERbased on housing characteristics-modified indoor PM 2.5 concentrations of ambient sourced PM 2.5 , indoor PM 2.5 sources are not considered. We present the indoor PM 2.5 concentrations of ambient origin estimation procedure in the Supplemental Section S5 and Equation S4.
AER and ambient PM 2.5 inequality analysis
We conducted an inequality analysis of our estimated AER and ambient PM 2.5 concentrations to understand whether AER modifies concentrations of residential PM 2.5 of ambient origin differentially between population groups. We defined "high-exposure" parcels as those with both AER and ambient PM 2.5 above the 90th percentile, and "low-exposure" parcels as those with both AER and ambient PM 2.5 below the 10th percentile. Parcels were then assigned demographic characteristics based on the BGs in which they fell, and we calculated summary statistics for the demographic characteristics for the combined ambient PM 2.5 and AER upper and lower deciles. We also examined the demographics for each of the upper and lower deciles of AER and ambient PM 2.5 exposure independently, to determine the drivers of the combined patterns. In addition, we examined parcels in low-PM 2.5 areas with high infiltration and parcels in high-PM 2.5 areas with low infiltration. We further stratified by urban or rural BG classification, based on Census classifications [40] .
Results
Air exchange rates
We estimated AER for 1,659,098 residential parcels (77% of total parcels) in Massachusetts and calculated summary statistics stratified by housing type ( (Table S5 ). Among multi-family buildings, large apartment building parcels have the highest percentage of conventional (i.e., not low-income) parcels (82.9%), followed by duplex/triplex parcels (70.6%) and small apartment building parcels (59.9%) ( Table S5 ). Density of surrounding obstructions is expected to increase with shelter class (Table S5 ). The largest percentage of low-density parcels is among SF homes (15%), and the majority of duplex/triplex parcels are located in very high-density areas. NL rates were highest in small apartment buildings and lowest in SF homes. Table 1 displays summary statistics for AER across Massachusetts. SF homes have the lowest median AER for both winter (0.67 h −1 ) and summer (0.34 h −1 ). Units in small apartment buildings have the highest median AER in the winter (1.42 h −1 ) and duplex/triplex homes have the highest median AER in the summer (0.67 h −1 ). AER distributions from imputed data were similar to values computed using complete case parcels for all housing types (Table S6 ). Table 2 compares outdoor ambient PM 2.5 concentrations and indoor PM 2.5 concentrations originating from ambient Table. 1 Residential housing characteristics and seasonal air exchange rates, stratified by housing type The impact of air exchange rate on ambient air pollution exposure and inequalities across all. . . PM 2.5 . Using the single-compartment box model, we found that indoor concentrations of PM 2.5 of ambient origin ranged from 0.40 to 9.0 µg/m 3 , and were on average 3 µg/m 3 lower than outdoor concentrations. Apartment buildings with 4-8 units have the highest mean ambient outdoor PM 2.5 concentrations in both winter (9.8 µg/m 3 ) and summer (7.9 µg/m 3 ), consistent with their disproportionate presence in urban settings. The highest mean indoor concentrations were among apartment buildings with 4-8 units in the winter (7.1 µg/m 3 ) and among duplex/triplex homes in the summer (4.9 µg/m 3 ), reflecting both relatively high outdoor ambient PM 2.5 concentrations and AERs compared to other housing types. The coefficient of variation for indoor PM 2.5 concentration of ambient origin across all parcels is approximately twice that of ambient outdoor parcel-level PM 2.5 concentration, with greater variability in the winter than summer, demonstrating that housing characteristics increase the variability in ambient PM 2.5 exposure across the population.
Indoor PM 2.5 concentrations
We performed a sensitivity analysis using a range of PM 2.5 decay rates and penetration efficiencies presented in the literature, which can be found in Table S7 . The patterns across building types and seasons were essentially unchanged. Figure 1 displays estimated winter AERs at the parcel level, average winter ambient PM 2.5 assigned to each residential parcel, and Census demographic characteristics at BG resolution in an area of Eastern Massachusetts. Parcels in the highest ambient PM 2.5 and AER quantiles are located in BGs with higher percentages of non-white populations, low-income and low-educational-attainment populations. The highlighted urban area of Fig. 1 demonstrates that BGs containing parcels with the highest AER quantile also contain parcels with the highest PM 2.5 values. These same BGs also tend to have greater percentages of Hispanic and low-income populations, as compared to parcels with low AER and low PM 2.5 . Figure 2 shows the sociodemographic characteristics (i.e., racial/ethnic, median household income, and educational attainment categories) of BGs containing the highexposure (>=90th percentile of AER or PM 2.5 distributions , separately) residential parcels compared to low-exposure parcels (<=10th percentile of AER or PM 2.5 distributions , separately). We present results averaged across winter and summer seasons, as results did not vary seasonally (seasonal results not shown).
PM 2.5 and AER exposure inequality analysis
For this analysis, BGs containing parcels with high ambient PM 2.5 have a lower percentage non-Hispanic white population (75%) than low ambient-PM 2.5 parcels (94%). They also contain smaller proportions of homes with median household incomes greater than $75,000 per year (39% vs. 53%). Patterns for educational attainment are more complex, with BGs containing high PM 2.5 parcels comprised of large proportions of both residents without a high school degree and residents with a graduate degree.
Similarly, BGs containing parcels with high AER also have a lower percentage non-Hispanic white population (68%) vs. 90% in BGs containing low AER parcels. Among the non-white populations, BGs containing high-AER vs. low-AER parcels were 6% vs. 10% non-Hispanic black, 5% non-Hispanic Asian, 3% vs. 4% non-Hispanic other, and 11% vs. 14% Hispanic, respectively. These demographic trends were generally similar for income and educational attainment groups, with BGs containing higher-AERs parcels having higher average proportions of low-income households and low-educational attainment populations compared to BGs containing low-AER parcels. Figure 3 shows the sociodemographic characteristics of the BGs containing the high-exposure (>=90th percentile of both AER and PM 2.5 ) residential parcels compared to the low-exposure parcels (<=10th percentile of both AER and PM 2.5 ). High-exposure parcels are located in BGs with a higher percentage Hispanic and non-white individuals, low-income households, and individuals with lower educational attainment than BGs containing low-exposure parcels. Of note, parcels at or above the 90th percentile of both AER and PM 2.5 are located in BGs containing higher percentages of Hispanic (22%), non-Hispanic Asian (6%), non-Hispanic black (10%), and other non-Hispanic races (5%) than for either AER or PM 2.5 taken individually. In a secondary analysis, parcels characterized as being in both the low PM 2.5 and high-AER distributions are located in BGs with similar racial and income characteristics as parcels characterized as high PM 2.5 and low AER ( Figure  S1 ). When stratified by urbanicity, the >=90th percentile ambient PM 2.5 and AER parcels that are located in BGs with higher percentage non-white populations are generally characterized as urban BGs, rather than rural, which reflects more racial/ethnic inequality in home "leakiness" and ambient PM 2.5 exposure among urban compared to rural geographies ( Figure S2 ).
Discussion
Using BG-level Census demographic data and housing characteristics at the parcel level allows for a straightforward estimation of AER over large geographic regions, housing types, and populations to better characterize the relationship between housing characteristics and outdoor ambient air pollution exposure. These methods and public data can be extrapolated to any area in the U.S. and can be extended to estimate indoor concentrations of a variety of outdoor-generated air pollutants (e.g., NO 2 , CO). Additionally, these data sources provide the unique opportunity concentrations at parcel level, c % Hispanic at block-group, and d % median annual household income below $20,000 at block group to examine exposure inequalities at a fine spatial resolution that are not solely based on ambient concentrations.
To our knowledge, no previous studies have examined exposure inequality considering both AER and ambient air pollution exposure. Using spatially and temporally resolved estimates of PM 2.5 concentrations and AER to analyze exposure inequality, we found that neighborhoods containing parcels with both high ambient PM 2.5 and AER disproportionately include non-white, low-income and loweducational attainment populations. Stratified analyses also confirm our a priori hypothesis that marginalized populations experience a cumulative burden of both high AER and high ambient air pollution concentrations, and that exposure inequalities are magnified when AER and ambient PM 2.5 are overlaid. The wealth of existing studies examining exposure inequality to pollutants of ambient origin do not incorporate factors that modify indoor exposures [e.g., 10, 41, 42] . Exposure inequalities found in these previous studies may be compounded when housing characteristics are considered.
Variations in AER between housing types estimated in our study are attributed to differences in unit volume, age of the home, weatherization, income parameters, and the surrounding terrain. We found higher AERs for units in large apartment buildings, likely explained by the parameters used to quantify relative leakage area (NL in this study). These units tended to be older, had smaller median floor areas and a greater percentage of parcels categorized as "low-income" (40%) within this housing type, all of which increase NL. Duplex and triplex parcels had relatively high AERs compared to SF homes and units in large apartment buildings, which also may be due, in part, to a large percentage categorized as low-income and older construction, both of which are expected to increase the AER estimates.
Although we were unable to validate our modeled AER estimates against AER measured across the state, previous studies that have employed the LBNL model have assessed its validity [24, 29] . For instance, Breen et al. [24] compared LBNL estimates to daily 24-h AER measurements using the perfluorocarbon tracer method in 31 North Carolina detached homes. The absolute difference between median AERs estimated using LBNL vs. measured AERs was 40% (0.17 h −1 ). Estimated AERs slightly underpredicted measured values, likely from window-opening behavior. The mean modeled AERs (10th, 90th) were similar to our results: 0.26 h −1 (0.14, 0.40) and 0.62 h −1 (0.37, 0.86) in the summer and winter, respectively. The AER results found in this study are also in agreement with published AER values, estimated through various modeling techniques and field measurements for use in exposure characterization or epidemiological analysis [15, 22, 24, 26, 39, 43] . This evidence allows us to conclude that estimated AER using the LBNL model is a close approximation of measured AER across various study areas, geographic resolutions and temporalities, assuming windows closed.
Using estimated AERs and PM 2.5 -specific assumptions about penetration efficiency and decay rate, we calculated indoor PM 2.5 of ambient origin across all Massachusetts parcels, demonstrating that PM 2.5 exposure variability increases when housing characteristics are considered. The contribution of outdoor ambient pollutants to indoor concentrations has been mixed [15, 16, 28, 39, [44] [45] [46] . However, evidence suggests that effect modification of ambientpollution-related health outcomes is associated with daily [26] and overall [19, [46] [47] [48] [49] changes in AER. Air pollution epidemiological studies that apply AER as a covariate or modifying factor have produced less exposure measurement error, and thus, more precise effect estimates of associations between residential exposure to ambient air pollution and health outcomes, compared to traditional analyses [16, 50] . The application of AERs to estimate outdoor-generated indoor pollutant concentrations can be incorporated into future epidemiological studies of ambient air pollution exposure to refine effect estimates. Previously published health studies have found that effect estimates of O 3 and NO 2 with various health outcomes are even more sensitive than ambient PM 2.5 to the modifying effects of AER, highlighting the importance of co-pollutant approaches in air pollution analyses [26, 39] . A main limitation of the LBNL model is that it does not consider occupant home operation or activities such as window opening, nor does it consider variability in home characteristics from mechanical ventilation. This limitation may partially explain our findings of higher AERs in the winter vs. the summer, assuming windows-closed, explained by a larger temperature gradient in the winter months as the primary driver of these seasonal differences [15, 29, 51] . Consequently, our approach does not capture variability and extreme values due to unmeasured occupant behavior and mechanical ventilation. Geographic areas with more heating degree-days and older homes, such as Massachusetts, tend to have a lower proportion of homes with central-AC and a higher proportion of homes with window-AC and days with windows open, leading to potential underestimation in our estimates in the summer months, consistent with previous studies [25, 29, 43, 52, 53] .
For instance, Baxter et al. [29] incorporated Census-tract level information on AC prevalence and window activity into AER estimates, finding higher AERs in the summer (measured: 1.08 h −1 , modeled: 1.04 h −1 ) than the winter (measured: 0.87 h −1 , modelled: 0.98 h −1 ) in NJ singlefamily homes. However, other studies that have incorporated natural ventilation into AER estimates have found no substantial difference between measured and modeled AER for days with open windows in Central North Carolina and Detroit, Michigan [14, 24, 54] . In particular, homes in Michigan and Massachusetts would likely have similar seasonal window opening behavior [54] . The potential error in AER estimates here may not be generalizable to other cities with fewer heating-degree days and thus, AC-use and window-opening behavior.
Our study had some further limitations related to simplifying assumptions used to calculate AER for units in multifamily homes. We modeled condominiums and apartments as individual, unattached homes, assuming that each unit was a single, well-mixed compartment. We were neither able to account for their location and elevation within a given building nor for the complex multi-zone characteristics of these buildings. Multi-family units were assigned shelter class "5" to maximize the density of surrounding obstructions, which accounts for apartment units having fewer externally-facing walls, thereby decreasing the influence of the wind effect. We were unable to account for multi-family mechanical ventilation systems and lowincome participation in weatherization programs that may decrease the impact of the stack effect. Consequently, we may have overestimated AERs for some units, as found in previous studies [27, 43, 51] . Validated models to estimate AER in multi-family homes and publicly-available information on occupant behaviors, weatherization program participation and mechanical ventilation are needed to further refine AER estimates and account for variability in exposure across study populations.
Another limitation is in the NL estimation, which was derived from a nationwide survey of 70,000 homes, of which only 177 were located in the Massachusetts [27] . However, the median year built and floor area of homes in our study are more similar to the Ohio homes in [21] , which comprised 77% of their dataset used to parameterize the NL models, than to their subsample of Massachusetts homes, supporting the generalizability of adopting these coefficients for Massachusetts.
Additionally, because we were unable to examine the surrounding terrain of each home, we used land use characterization to assign terrain class. Due to lack of applicable equations that predict indoor temperature, we used uniform indoor temperature values based on RECS data, which can reduce variability in the stack effect and the resulting AER. Further, we calculated AERs for the summer and winter months as representative periods for which the stack effect would behave most disparately, but investigators should consider the temporality for which these AERs were calculated when applied to future epidemiological and environmental inequality analysis. The ambient PM 2.5 concentrations used in the present analysis were predicted using a novel air quality model developed by Kloog et al. [34] . Because the model requires many variables, its Fig. 3 Sociodemographic characteristics of block groups containing the residential parcels with the lowest AER in areas with the lowest ambient PM 2.5 (low-exposure, <10th %tile) vs. block groups containing parcels with the highest AER and PM 2.5 (high-exposure, >90th %tile). Source: US Census 2010 application may be limited to regions where the necessary public data is available.
Though beyond the scope of this study, our focus on air pollution of ambient origin omits the potential influence of indoor sources on personal exposure. For example, indoor sources may contribute between 20 and 90% of total indoor residential PM 2.5 concentrations, depending on indoor activities and particle size [55, 56] . While homes with low AER will have reduced infiltration of ambient outdoorgenerated PM 2.5 , they will have an enhanced influence from any indoor sources (e.g., combustion) in the absence of ventilation controls. That said, a focus on air pollution of ambient origin is consistent with interpretation of epidemiological evidence based on central-site monitors and provides the opportunity to test effect modifiers in future epidemiological analyses.
In conclusion, these results provide insight into the role of physical building characteristics at the residence as an important factor in determining inter-individual variability in ambient air pollution exposure estimates. Our analytical framework would allow for separate examination of the influence of indoor sources on patterns of personal exposure given the requisite source information. Our modeling approach can extend to any area in the U.S. and can be used in future epidemiological studies to refine air pollution exposure modifiers or to characterize exposure disparities.
